Multi-Sentence Compression (MSC) aims to generate a short sentence with key information from a cluster of closely related sentences. MSC enables summarization and questionanswering systems to generate outputs combining fully formed sentences from one or several documents. This paper describes a new Integer Linear Programming method for MSC using a vertex-labeled graph to select different keywords, and novel 3-grams scores to generate more informative sentences while maintaining their grammaticality. Our system is of good quality and outperforms the state-of-theart for evaluations led on news dataset. We led both automatic and manual evaluations to determine the informativeness and the grammaticality of compressions for each dataset. Additional tests, which take advantage of the fact that the length of compressions can be modulated, still improve ROUGE scores with shorter output sentences.
Introduction
The increased number of electronic devices (smartphones, tablets, etc.) have made access to information easier and faster. Websites such as Wikipedia or news aggregators can provide detailed data on various issues but texts may be long and convey a lot of information. One solution to this problem is the generation of summaries containing only key information.
Among the various applications of Natural Language Processing (NLP), Automatic Text Summarization (ATS) aims to automatically identify the relevant data inside one or more documents, and create a condensed text with the main information. Summarization systems usually rely on statistical, morphological and syntactic analysis approaches (Torres-Moreno, 2014) . Some of them use MultiSentence Compression (MSC) in order to produce from a set of similar sentences a small-sized sentence which is both grammatically correct and informative (Filippova, 2010; Banerjee et al., 2015) . Although compression is a challenging task, it is appropriate to generate summaries that are more informative than state-of-the-art extraction methods for ATS.
The contributions of this article are two-fold. (i) We present a new model for MSC that extends the common approach based on Graph Theory, using vertex-labeled graphs and Integer Linear Programming (ILP) to select the best compression. The vertex-labeled graphs are used to model a cluster of similar sentences with keywords, while the optimization criterion introduces a novel 3-grams score to enhance the correctness of sentences. (ii) We can set up a maximum length for the compression. The system can generate shorter compressions losing some information, or privilege the informativeness generating longer compressions. Evaluations led with both automatic metrics and human evaluations show that our ILP model consistently generate more informative sentences than two baselines while maintaining their grammaticality. Our approach is able to choose the amount of information to keep in the compression output, through the definition of the number of keywords 18 to consider in documents. This paper is organized as follows: we describe and survey the MSC problem in Section 2. Next, we detail our approach in Section 3. The experiments and the results are discussed in Sections 4 and 5. Lastly, we provide the Conclusion and some final comments in Section 6.
Related Work
Sentence Compression (SC) aims at producing a reduced grammatically correct sentence. Compressions may have different Compression Ratio (CR) levels 1 , whereby the lower the CR level, the higher the reduction of the information is. SC can be employed in the contexts of the summarization of documents, the generation of article titles or the simplification of complex sentences, using diverse methods such as optimization Lapata, 2007, 2008) , syntactic analysis, deletion of words (Filippova et al., 2015) or generation of sentences (Rush et al., 2015; Miao and Blunsom, 2016) .
Multi-Sentence Compression (MSC), also coined as Multi-Sentence Fusion, is a variation of SC. Unlike SC, MSC combines the information of a cluster of similar sentences to generate a new sentence, hopefully grammatically correct, which compresses the most relevant data of this cluster. The idea of MSC was introduced by Barzilay and McKeown (2005) , who developed a multi-document summarizer which represents each sentence as a dependency tree; their approach aligns and combines these trees to fusion sentences. Filippova and Strube (2008) also used dependency trees to align each cluster of related sentences and generated a new tree this time with ILP to compress the information. In 2010, Filippova presented a new model for MSC, simple but effective, which is based on Graph Theory and a list of stopwords. She used a Word Graph (WG) to represent and to compress the related sentences of the document D based on the cohesion of words. The vertices and the arcs weights of WG represent the word/POS pairs and the levels of cohesion between two words in the document (Equation 1), respectively.
1 The CR is the length of the compression divided by the average length of all source sentences
where freq(i) is the word frequency mapped to the vertex i and the function diff(s, i, j) refers to the distance between the offset positions of words i and j in the sentences s of D containing these two words. Finally, she chose as the best MSC the path with the lowest average arc weight among the 50 shortest paths (more details in (Filippova, 2010) ). Inspired by the good results of the Filippova's method, many studies have used it in a first step to generate a list of the N shortest paths, then have relied on different reranking strategies to analyze the candidates and select the best compression (Boudin and Morin, 2013; Tzouridis et al., 2014; Luong et al., 2015; Banerjee et al., 2015) . Boudin and Morin (2013) developed a reranking method measuring the relevance of a candidate compression using keyphrases, obtained with the TextRank algorithm (Mihalcea and Tarau, 2004) , and the length of the sentence. Another reranking strategy was proposed by Luong et al. (2015) . Their method ranks the sentences from the counts of unigrams occurring in every source sentence. ShafieiBavani et al. (2016) also used a WG model; their approach consists of three main components: (i) a merging stage based on Multiword Expressions (MWE), (ii) a mapping strategy based on synonymy between words and (iii) a reranking step to identify the best compression candidates generated using a POS-based language model (POS-LM). Tzouridis et al. (2014) proposed a structured learning-based approach. Instead of applying heuristics as Filippova (2010) , they adapted the decoding process to the data by parameterizing a shortest path algorithm. They devised a structural support vector machine to learn the shortest path in possibly high dimensional joint feature spaces and proposed a generalized, lossaugmented decoding algorithm that is solved exactly by ILP in polynomial time.
We found two other studies that applied ILP to combine and compress several sentences. Banerjee et al. (2015) developed a multi-document ATS system that generated summaries based on compression of similar sentences. They used Filippova's method to generate 200 random compressed sentences. Then they created an ILP model to select the most informative and grammatically correct compression. Thadani and McK-eown (2013) proposed another ILP model using an inference approach for sentence fusion. Their ILP formulation relies on n-grams factorization and aims at avoiding cycles and disconnected structures.
Following previous studies that rely on Graph Theory with good results, this work presents a new ILP framework that takes into account keywords and 3-grams for MSC. We compare our learning approach to the graph-based sentence compression techniques proposed by Filippova (2010) and Boudin and Morin (2013) , considered as stateof-the-art methods for MSC. We intend to apply our method on various languages and not to be dependent on linguistic resources or tools specific to languages. This leads us to put aside systems which, despite being competitive, rely on resources like WordNet or Multiword expression detectors (ShafieiBavani et al., 2016) .
Our Approach
Filippova's method chooses the path in a WG with the lowest score taking into account the level of cohesion between two adjacent words in the document. However, two words with a strong cohesion do not necessarily have a good informativeness because the cohesion only measures the distance and the frequency of words in the sentences. In this work, we propose a method to concurrently analyze cohesion, keywords and 3-grams in order to generate a more informative and comprehensible compression.
Our method calculates the shortest path from the cohesion of words and grants bonuses to the paths that have different keywords and frequent 3-grams. For this purpose, our approach is based on Filippova's method to model a document D as a graph and to calculate the cohesion of words. In addition, we analyze the keywords and the 3-grams of the document to favor hypotheses with meaningful information.
Keyword and 3-grams extraction
Introducing keywords in the graph helps the system to generate more informative compressions because it takes into account the words that are representative of the cluster to calculate the best path in the graph, and not only the cohesion and frequency of words. Keywords can be identified for each cluster with various extraction methods and we study three widely used techniques: Latent Semantic Indexing (LSI), Latent Dirichlet Allocation (LDA) and TextRank. Despite the small number of sentences per cluster, these methods generate good results because clusters are composed of similar sentences with a high level of redundancy. LSI uses Singular-Value Decomposition (SVD), a technique closely related to eigenvector decomposition and factor analysis, to model the associative relationships (Deerwester et al., 1990) . LDA is a topic model that generates topics based on word frequency from a set of documents (Blei et al., 2003) . Finally, TextRank algorithm analyzes the words in texts using WGs and estimates their relevance (Mihalcea and Tarau, 2004) . For LDA whose modeling is based on the concept of topics, we consider that the document D describes only one topic since it is composed of semantically close sentences. A same word or keyword can be represented by one or several nodes in WGs (see the WG construction in (Filippova, 2010) ). In order to prioritize the sentence generation containing keywords, we add a bonus to the compression score when the compression contains different keywords. This process favors informativeness but may neglect grammaticality. Therefore, we also analyze 3-grams and compute in the graph their relevance scores.
The presence of a word in different sentences is assumed to increase its relevance for the MSC (we do not analyze stopwords). Thus, we define the relevance of a word i according to Equation 3.
1-grams
where freq s (i) is the number of sentences containing the word i, |D| w and |D| s are the overall number of word occurrences and the number of sentences in the document D, respectively. Since we analyze Word Graphs whose basic connections are arcs associated with 2-grams, we define the relevance of 3-grams 2 from the inner 2-grams (Eq. 4 and 5).
where freq 3 (i, j, k) is the amount of 3-grams composed of the words i, j and k in the document. Taking into account frequent 3-grams aims at improving the grammatical quality of MSC while keeping the relevant information. The 3-grams bonus is obtained from the relevance of the 3-grams (Eq. 4).
Vertex-Labeled Graph
A vertex-labeled graph is a graph G = (V, A) with a label on the vertices K → {0, ..., nc}, where nc is the number of different labels. This graph type has been employed in several domains such as biology (Zheng et al., 2011) or NLP (Bruckner et al., 2013) . In this last study, the correction of Wikipedia inter-language links was modeled as a Colorful Components problem. Given a vertexcolored graph, the Colorful Components problem aims at finding the minimum-size edge sets that are connected and do not have two vertices with the same color.
In the context of MSC, we want to generate a short informative compression where keyword may be represented by several nodes in the word graph. Labels enable us to represent keywords in vertex-labeled graphs and generate a compression without repeated keywords while preserving the informativeness. In this framework we grant bonuses only once for nodes with the same label to prioritize new information in the compression. To make our model coherent, we added a base label (label 0) for all non-keywords in the word graph. The following section describes our ILP model to select sentences inside WGs by taking into account 3-grams and labeled keywords.
ILP Modeling
We denote K as the set of labels, each representing a keyword, and A as the set of arcs in the WG. T is defined as the set of the 3-grams occurring more than once.
There are several algorithms with a polynomial complexity to find the shortest path in a graph. However, the restriction on the minimum number P min of vertices (i.e. the minimum number of words in the compression) makes the problem NPhard. Indeed, let v 0 be the "begin" vertex. If P min equals |V | and if we add an auxiliary arc from "end" vertex to v 0 , our problem is similar to the Traveling Salesman Problem (TSP), which is NPHard.
For this work we use the formulation known as Miller-Tucker-Zemlin (MTZ) to solve our problem (Öncan et al., 2009; Thadani and McKeown, 2013) . This formulation uses a set of auxiliary variables, one for each vertex in order to prevent a vertex from being visited more than once in the cycle and a set of arc restrictions.
The problem of production of a compression that favors informativeness and grammaticality is expressed as Equation 6. In other words, we look for a path (sentence) that has a good cohesion and contains a maximum of labels (keywords) and relevant 3-grams. 
Structural Constraints
We describe the structural constraints for the problem of consistency in compressions and define the bounds of the variables. First, we consider the problem of consistency which requires an inner and an outer arc active for every word used in the solution, where y v indicates the existence of the vertex v in the solution.
i∈δ − (v)
The second requirement for consistency associates 3-grams and 2-grams variables. We have a 3-gram (a, b, c) only if the 2-grams (a, b) and (b, c) are used.
The constraint (10) controls the minimum number of vertices (P min ) used in the solution.
The set of constraints (11) matches label variables (keywords) with vertices (words), where V (k) is the set of all vertices with label k.
Equality (12) sets the vertex v 0 in the solution.
The restrictions (13) and (14) are responsible for the elimination of sub-cycles, where u v (∀v ∈ V ) are auxiliary variables for the elimination of sub-cycles and M is a large number (e.g. M = |V |).
Finally, equations (15) - (18) define the field of variables.
We calculate the 50 best solutions according to the objective (6) having at least 8 words and at least one verb. Specifically, we find the best solution, then we add a constraint in the model to avoid this solution and repeat this process 50 times to find the other solutions.
The optimized score (Equation 6) does not explicitly take into account the size of the generated sentence. Contrary to Filippova's method, sentences may have a negative score because we subtract from the cohesion value of the path the introduced scores for keywords and 3-grams. Therefore, we use the exponential function to ensure a score greater than zero. Finally, we select the sentence with the lowest final score (Equation 19 ) as the best compression.
where score opt (s) is the score of the sentence s from Equation 6.
Experimental Setup
Algorithms were implemented using the Python programming language with the takahe 4 and gensim 5 libraries. The mathematical model was implemented in C++ with the Concert library and we used the solver CPLEX 12.6 6 . We define the keyword bonus as the geometric average 7 of all arc weights in the graph.
Evaluation Datasets
Various corpora have been developed for MSC and are composed of clusters of similar sentences from different source news in English, French, Spanish or Vietnamese languages. The corpora used by Filippova (2010) and Boudin and Morin (2013) contain clusters of at least 7 or 8 similar sentences, whereas the data of McKeown et al. (2010) and Luong et al. (2015) have clusters limited to pairs of sentences. McKeown et al. (2010) collected 300 English sentence pairs taken from newswire clusters using Amazon's Mechanical Turk. Like this previous study, Luong et al. (2015) https: //www-01.ibm.com/software/ websphere/products/optimization/ cplex-studio-community-edition/ 7 Each WG has different weight arcs, so it is important that keyword bonus has a correct value to allow the generation of slightly longer compressions. We tested several metrics (fixed values, arithmetic average, median, and geometric average of weights arcs of WG) to define the keyword bonus of WG and empirically found that the geometric average outperformed the others. et al. (2015) made their corpora publicly available but only the corpus of Boudin and Morin (2013) is more suited to multi-document summarization or question-answering because the documents to analyze are usually composed of many similar sentences. Therefore, we use this corpus made of 618 French sentences spread over 40 clusters. Each cluster has 3 sentences compressed by native speakers, references having a compression rate of 60%.
Automatic and Manual Evaluations
The most important features of MSC are informativeness and grammaticality. Informativeness measures how informational is the generated text. As references are assumed to contain the key information, we calculated informativeness scores counting the n-grams in common between the compression and the reference compressions using the ROUGE system (Lin, 2004) . In particular, we used the F-measure metrics ROUGE-1 and ROUGE-2, F-measure being preferred to recall for a fair comparison of various lengths of compressed sentences. Like in (Boudin and Morin, 2013) , ROUGE metrics are calculated with stopwords removal and French stemming 8 .
Due to limitations of ROUGE systems that only analyze 1-grams and 2-grams, we also led a manual evaluation with 5 French native speakers. The native speakers evaluated the compression in two aspects: informativeness and grammaticality. In the same way as (Filippova, 2010; Boudin and Morin, 2013) , the native speakers evaluated the grammaticality in a 3-point scale: 2 points for a correct sentence; 1 point if the sentence has minor mistakes; 0 point if it is none of the above. Like grammaticality, informativeness is evaluated in the same range: 2 points if the compression contains the main information; 1 point if the compression misses some relevant information; 0 point if the compression is not related to the main topic.
Experimental Assessment
Compression rates are strongly correlated with human judgments of meaning and grammaticality (Napoles et al., 2011) . On the one hand, too short compressions may compromise sentence structure, reducing the informativeness and grammaticality. On the other hand, longer compressions are more interesting for ATS when informa-tiveness and grammaticality are decisive features. Consequently, we generate two kinds of compressions according to the number of keywords in the graph (5 or 10), which acts on the final size of the output sentences. The result tables are split into two parts, each having similar CRs and calculated from LSI, LDA or TextRank methods to identify the keywords of the clusters. Table 1 describes the results for the French corpus using ROUGE. The first two lines display the evaluation of the two baseline systems; the ROUGE scores measured with our method using either 5 or 10 keywords are shown in the next three lines and the last three lines respectively.
Results
Globally, our ILP method outperforms both baselines according to ROUGE F-measures, but mostly using 10 keywords with higher CRs. The use of LDA and LSI to determine keywords gives better results than TextRank. ILP+LDA.5 and ILP+LSI.5 were better than the baselines for ROUGE-1 but the second baseline system generated shorter sentences with a better ROUGE-2 score.
We led a further manual evaluation to study the informativeness and grammaticality of compressions. We measured inter-rater agreement on the judgments we collected, obtaining the value of Fleiss' kappa of 0.303. This result shows that human evaluation is rather subjective. Questioning evaluators on how they proceed to rate sentences reveals that they often made their choice by comparing outputs for a given cluster. Table 1 also shows the manual analysis that ratifies the good results of our system. Informativeness scores are consistently improved by the ILP method, whereas grammaticality results measured on the three systems are similar. Filippova's method obtained the highest value for grammatical quality. However, our system led to informativeness scores better than the two baselines using 5 and 10 keywords.
Finally, the reranking method proposed by Boudin and Morin, based on the analysis of keyphrases of candidate compressions with TextRank, improves informativeness, but not to the same degree as our ILP model. Despite this gain, the method is limited to candidate sentences generated by Filippova's and is dependent on the TextRank method. 
Discussion
The measures done with both the automatic metrics ROUGE and human evaluations bring to light that the method used to select keyword acts on the performance of our ILP method. We investigated this through the analysis of selected keywords occurring in one of the reference compressions (LDA 5: 91%, LDA 10: 84%, LSI 5: 90%, LSI 10: 84%, TextRank 5: 69%, TextRank 10: 56%). As expected, a higher percentage of keywords can be found in the references when the top 5 instead of 10 are considered. In keeping with the performance evaluations, a significantly higher rate of keywords existing in the references is observed when using LDA or LSI rather than TextRank. This shows the prominent role of keyword selection for our MSC method. Most keywords identified by LDA and LSI methods are the same (around 91%) while the intersection of keywords between LDA and TextRank methods is around 50% (a similar level is measured for the intersection from LSI and TextRank). This overlap of keywords justifies the similar results produced by our method using LDA and LSI methods.
Short compressed sentences are appropriate to summarize documents; however, they may remove key information and prejudice the informativeness of the compression. For instance, for the sentences that would be associated with a higher relevant score by the ATS system, producing longer sentences would be more appropriate. Generating longer sentences makes easier to keep informativeness but often increases difficulties to have a good grammatical quality while combining different parts of sentences. The experimental results we presented in Section 5.1 indicate that scores on 3-grams provide a good stability for our method to generate grammatically correct sentences, even for longer compressions.
The length of the size of the sentences output by our ILP method can evolve as needed in two ways. Firstly, our method can ensure to keep enough information, through the number of considered keywords. Increasing this number generates longer compressions because our method tries to add more keywords. Table 2 presents the average size of compressions according to the used MSC setting. Globally, the size is increased by 2 words when using the second baseline with respect to the first one. Our ILP system generates sentences of the same size as the second baseline when labeling 5 keywords in WG and compressions longer by 2 when labeling 10 keywords, which is still a moderate increase. Moreover, Table 2 displays the number of keywords that are kept in the final compression and shows that for TextRank, less competitive than LDA and LSI, several keywords are discarded by the ILP score that also takes into account cohesion and 3-grams scores.
Secondly, our ILP model can include an explicit constraint over the compression size (M axSize):
8 Although we used the same system and data as Boudin and Morin (2013) for the French corpus, we were not able to exactly reproduce their results. The ROUGE scores given in their article are close to ours for their system: 0.6568 (ROUGE-1) and 0.4414 (ROUGE-2), but using Filippova's system we measured higher scores than them: 0.5744 (ROUGE-1) and 0.3921 (ROUGE-2). In spite of these discrepancies, both ROUGE scores and manual evaluations ( Table We set up our system to generate compressions with average lengths of 55%, 60%, 65%, 70% and 75% and report the results measured in terms of ROUGE with each setting in Figure 1 . Unlike Table 1 , we measure ROUGE recalls instead of ROUGE F-measures because these first metrics have a better correlation with informativeness and we already take into account the size of the produced sentences through CR.
First, let us note that the CRs effectively observed may differ from the fixed value of M axSize. For example, a 55% threshold leads to real CRs of 42% to 44%, while a 65% level creates new sentences with a real CR between 47% and 51%. Interestingly, our system obtained better ROUGE recall scores than both baselines for comparable compression lengths. If we prioritize meaning, our method with 10 keywords improved the compression quality with a small increase of the compression length (compression ratio between 60% and 64%). Instead, we can limit the length of compressions and generate compressions that are shorter and have still better ROUGE scores than the baselines.
Conclusion
Multi-Sentence Compression aims to generate a short informative text summary from several sentences with related and redundant information. Previous works built word graphs weighted by cohesion scores from the input sentences, then selected the best path to select words of the output sentence. We introduced in this study a model for MSC with two novel features. Firstly, we extended the work done by Boudin and Morin (2013) that introduced keywords to post-process lists of N-best compressions. We proposed to represent keywords as labels directly on the vertices of word graphs to ensure the use of different keywords in the selected paths. Secondly, we presented a new relevance score for 3-grams to maintain grammaticality. We devised an ILP modeling to take into account these two new features with the cohesion scores, while selecting the best sentence. The compression ratio can be modulated with this modeling, by selecting for example a higher number of keywords for the sentences considered essential for a summary. Automatic measures with ROUGE package were supplemented with a manual evaluation carried out by human judges in terms of informativeness and grammaticality. We showed that keywords and relevant 3-grams are important features to produce valuable compressed sentences; in particular, testing three different keyword selectors highlighted their role in producing relevant sentences. The paths selected with theses features generate results consistently improved in terms of informativeness while keeping up their grammaticality.
There are several potential avenues of work. Following the system proposed by ShafieiBavani et al. (2016) , language models over POS can be added as an additional score to the optimization criterion to improve grammaticality. Another objective can be to manage polysemy through the use of the same label for the synonyms of each keyword inside the Word Graph. Finally, MSC can be jointly employed with classical methods of Automatic Text Summarization by extraction in order to generate better summaries.
